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1
BELIEF PROPAGATION AND AFFINITY
MEASURES

BACKGROUND

Labeling problems may be solved to support a variety of
different functionality. Labels, for instance, may be assigned
to nodes to describe characteristics of the node. The labels
may be used to describe the characteristics of the node that
involve the node itself, characteristics of the node in relation
to another node, and so on.

Labeling problems may employ beliefs that may be used to
assist in solving the labeling problem. For example, beliefs
may be formed for nodes that describe a particular character-
istic of the node that is to be labeled and therefore a belief for
the node may pertain to a label that is to be assigned to the
node. These beliefs may also be shared between nodes to
assist in solving a label for other nodes. In this way, nodes
may leverage knowledge passed to the node from other nodes
to solve a labeling problem for the node. However, in some
instances passing of these beliefs between nodes may actually
hinder accuracy in solving the labeling problem for the node.
Thus, conventional techniques may be forced to unlearn this
knowledge in order to arrive at a correct label for a node,
which may cause an increase in resource usage and therefore
cause these conventional techniques to be ill suited for certain
applications, such as applications that involve user interac-
tion.

SUMMARY

Belief propagation and affinity measure techniques are
described. In one or more implementations, beliefs may be
formed to solve a labeling problem for a node, such as to
perform image processing. An affinity measure may be cal-
culated that describes how similar the node is to another node.
This affinity measure may then be used as a basis to determine
whether to share the belief formed for the node with the other
node to solve a labeling problem for the other node.

This Summary introduces a selection of concepts in a sim-
plified form that are further described below in the Detailed
Description. As such, this Summary is not intended to iden-
tify essential features of the claimed subject matter, nor is it
intended to be used as an aid in determining the scope of the
claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description is described with reference to the
accompanying figures. In the figures, the left-most digit(s) of
areference number identifies the figure in which the reference
number first appears. The use of the same reference numbers
in different instances in the description and the figures may
indicate similar or identical items. Entities represented in the
figures may be indicative of one or more entities and thus
reference may be made interchangeably to single or plural
forms of the entities in the discussion.

FIG. 1 is an illustration of an environment in an example
implementation that is operable to employ techniques
described herein.

FIG. 2 depicts a system in an example implementation in
which images are captured of an image scene and used in
conjunction with the hierarchical belief propagation module
to calculate stereo correspondence.

FIG. 3 depicts a system in an example implementation
illustrating passing of messages that express beliefs of a par-
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2

ent node used to solve a labeling problem as being passed to
a plurality of child nodes based on an affinity measure.

FIG. 4 depicts a system in an example implementation in
which the affinity measurement module is employed to mea-
sure affinity of a child node with other nodes besides a parent
node.

FIG. 5 is a flow diagram depicting a procedure in an
example implementation in which an affinity measure is cal-
culated and used to determine whether to employ beliefs of a
parent node by a child node to solve a labeling problem.

FIG. 6 is a flow diagram depicting a procedure in an
example implementation in which an affinity measure is cal-
culated and used to determine whether the employ beliefs of
aneighbor of a parent node by a child node to solve a labeling
problem.

FIG. 7 illustrates an example system including various
components of an example device that can be implemented as
any type of computing device as described and/or utilize with
reference to FIGS. 1-6 to implement embodiments of the
techniques described herein.

DETAILED DESCRIPTION

Overview

Labeling problems may employ a sharing of beliefs to
assist in solving for a label for a node. This may be used to
describe a characteristic involving the node, such as a rela-
tionship of the node to another node, a characteristic of the
node itself, and so on.

One technique that may be used to solve a labeling problem
is referred to as hierarchical belief propagation. In hierarchi-
cal belief propagation, beliefs are first formed that describe a
label that the node “believes” is to be assigned to the node.
These beliefs may then be shared between nodes at a level in
a hierarchy to be used at least is part in solving for a label for
each of the nodes. The beliefs may also be shared between
parent and child nodes, such as to assist a child node in
solving a labeling problem for that node using beliefs arrived
at for the parent node. However, in some instances these
beliefs may cause additional processing and inaccuracies
instead. For example, the beliefs may cause an inaccurate
assumption to be used in the solving of the labeling problem
for the child node, which is then unlearned during the solving
of'the problem to arrive at an accurate result and/or may even
result in an incorrect label.

Accordingly, belief propagation techniques may be
employed that leverage an affinity measure to manage usage
of’beliefs by the nodes. For example, the affinity measure may
be used to determine a similarity/difference of a child node in
comparison to a parent node. The affinity measure may there-
fore be used as a basis to determine whether the child node is
to use beliefs arrived at for the parent node to solve the
labeling problem. Thus, in this example if the parent and child
nodes are sufficiently similar as indicated by the affinity mea-
sure, the child node may leverage beliefs of the parent node in
solving the labeling problem for the child node.

However, in instances in which the parent and child nodes
are not sufficiently similar as indicated by the affinity mea-
sure, the child node does not leverage the beliefs of the parent
node. In response, the child node may take a variety of dif-
ferent actions. For example, the child node may leverage
beliefs of a neighbor of the parent node if the affinity measure
indicates that the neighbor and the child node are sufficiently
similar. This process may continue to find a sufficiently simi-
lar node. If a sufficiently similar node is not found, the label-
ing problem for the child node may be solved without lever-
aging beliefs from another node. In this way, the labeling
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problem for the child node may be solved without using
beliefs that are likely inaccurate.

These techniques may be used to support a variety of
different functionality, such as network management, sound
processing, image processing, and so on. For example, image
processing may leverage these techniques to solve labeling
problems involved in calculation of stereo correspondence,
matting, stereo vision, and so forth. Therefore, although the
following discussion is described in relation to calculation of
stereo correspondence it should be readily apparent that these
techniques may be used to support a variety of other func-
tionality without departing from the spirit and scope thereof.

In the following discussion, an example environment is
first described that may employ the techniques described
herein. Example procedures are then described which may be
performed in the example environment as well as other envi-
ronments. Consequently, performance of the example proce-
dures is not limited to the example environment and the
example environment is not limited to performance of the
example procedures.

Example Environment

FIG. 1 is an illustration of an environment 100 in an
example implementation that is operable to employ tech-
niques described herein. The illustrated environment 100
includes a computing device 102 and a plurality of image
capture devices 104, 106, which may be configured in a
variety of ways.

The computing device 102, for instance, may be configured
as a desktop computer, a laptop computer, a mobile device
(e.g., assuming a handheld configuration such as a tablet or
mobile phone), and so forth. Thus, the computing device 102
may range from full resource devices with substantial
memory and processor resources (e.g., personal computers,
game consoles) to a low-resource device with limited
memory and/or processing resources (e.g., mobile devices).
Additionally, although a single computing device 102 is
shown, the computing device 102 may be representative of a
plurality of different devices, such as multiple servers utilized
by a business to perform operations “over the cloud” as fur-
ther described in relation to FIG. 7.

The image capture devices 104, 106 may also be config-
ured in a variety of ways. [llustrated examples of such con-
figurations include a standalone camera such as a dedicated
device, part of a mobile phone or tablet, and so on. Other
examples are also contemplated. For example, each of the
image capture devices 104, 106 may be configured as a single
stereoscopic camera, scanner, copier, camera, mobile device
(e.g., smart phone), and so forth. In another example, a single
image capture device 104 may be used to capture multiple
images of an image scene, such as the cone, ball, and room as
illustrated.

The image capture devices 104, 106 are illustrated as
including a respective image capture module 108, 110. The
image capture modules 108, 110 are representative of func-
tionality to capture respective images 112, 114, such as by
including image sensors and other hardware and software
components to capture, process, and/or store images 112,
114.

The images 112, 114 in this example are stereoscopic in
that the images are taken from different viewpoints of the
illustrated image scene 116. For example, the images 112,
114 may be viewable by a user to gain a perception of three
dimensional depth of the image scene. As previously
described, the images 112, 114 may also be usable to model
the image scene in three dimensions. This may be performed
in a variety of ways as further described below.
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The computing device 102 is illustrated as including an
image processing module 118. The image processing module
118 is representative of functionality to perform one or more
techniques that are usable to process an image. Although
illustrated as implemented locally on the computing device,
functionality of the image processing module may also be
implemented in a distributed environment, remotely via a
network 120 (e.g., “over the cloud”) as further described in
relation to FIG. 10, and so on.

The image processing module 118 may leverage a variety
of different techniques to support image processing. An
example of this is illustrated as a hierarchical belief propaga-
tion module 122, which is representative of one example of
functionality to solve a labeling problem. In the illustrated
example, the hierarchical belief propagation module 122 is
configured to generate labeling data 124 to be used in calcu-
lation of stereo correspondence, which may describe which
pixels in stereoscopic images correspond to each other. The
image processing module 118, for instance, may process
images 112, 114 to determine depth of the image scene to
perform three dimensional modeling, perform view synthe-
sis, view interpolation, content manipulation, matting (e.g.,
object removal), support augmented reality (e.g., object inser-
tion), and so on. This processing may be performed in a
variety of ways, further description of which may be found in
the following discussion and corresponding figure.

FIG. 2 depicts a system 200 in an example implementation
in which images 112, 114 are captured of an image scene 116
and used in conjunction with the hierarchical belief propaga-
tion module 122 to calculate stereo correspondence. The
image scene 116 is illustrated as including a ball 204, a traffic
cone 206, and a piece of paper 208 in a white-walled room
210. The image capture devices 104, 106 are illustrated as
capturing stereoscopic images 112, 114 of the image scene
116. As previously described, the stereoscopic images may be
leveraged for a variety of purposes, such as for three dimen-
sional modeling, view interpolation, and so on.

To support this functionality, the image processing module
118 may employ the hierarchical belief propagation module
122 to calculate labeling data 124 to be used to correspon-
dence of pixels in the images 112, 114 to each other. For
example, the hierarchical belief propagation module 122 may
be used to arrive at labeling data 124 that assigns a discrete
label to each pixel in an image based on an objective function.
The objective function includes a “data term” as calculated
using a data cost function 212 that gives the cost of assigning
each potential label to a given pixel. The objective function
also includes a “smoothness term” as calculated using a
smoothness cost function 214 that specifies the cost of assign-
ing each pair of potential labels to neighboring image pixels.
This calculation may be performed by leveraging a measure
of affinity between nodes that are to be used are part of the
calculation, an example of which is described as follows and
shown in a corresponding figure.

FIG. 3 depicts a system 300 in an example implementation
illustrating passing of messages that express beliefs of a par-
ent node used to solve a labeling problem as being passed to
a plurality of child nodes based on an affinity measure. The
hierarchical belief propagation module 122 may employ
techniques to increase convergence speed by involving a
reduced number of iterations to achieve convergence in the
solving of a labeling problem. For example, the hierarchical
belief propagation module 122 may employ an affinity mea-
sure module 302 which may be used to measure affinity
between nodes. The affinity measure may then be used to
manage communication between nodes to solve a labeling
problem. If the measured affinity is indicative that the two
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nodes are not within a predefined measure of similarity, for
instance, at least one of the nodes does not use beliefs arrived
at for the other node to solve a labeling problem. This may be
performed because the nodes are likely to have very different
labels in an optimal labeling.

As shown in FIG. 3, for instance, nodes 304, 306, 308, 310
may defined for a first level of a hierarchy, which in this
instance each of the nodes 304-310 includes a group of four
pixels. Each of the pixels within the nodes 304-310 is illus-
trated as corresponding to a background or foreground for an
image, which is illustrated through the use of cross hatching
or lack of cross hatching in the figure.

In this example, the hierarchical belief propagation module
122 arrives at beliefs that are used to solve for alabel for each
of the nodes 304-310. Therefore, each of the nodes may be
assigned a label as a whole. In this way, each of the nodes 304,
306, 308, 310 may be treated as a single pixel having a single
label for that hierarchical level. Each of these labels may then
be passed down as beliefs 312 via messages 314 to another
level in a hierarchy to assist in solving labels for that level. In
this example, the other level is a child level in which child
nodes are individual pixels that are included in the pixels in
the node “X” 304 that is the parent, which are illustrated as
X'y XKL <X and <X, in this example.

However, if the hierarchical level that is a higher resolution
in this instance employs inaccurate beliefs 312 (e.g., incorrect
labeling recommendations) of a lower resolution region (e.g.,
node 304), then additional processing is generally performed
to “unlearn the bad advice” from the upper level in the hier-
archy. This may slow down convergence of hierarchical belief
propagation performed by the hierarchical belief propagation
module 302.

Consequently, it may be better to start without any labeling
bias at a higher resolution pixel than to start from incorrect
labeling beliefs from the lower resolution level. Indeed, this
modification may also improve the final accuracy of the label-
ing as it may be possible that label solving using convention
techniques might not be able to overcome incorrect labeling
advice from lower resolutions and would converge to a poor
local minimum of the objective function.

In a stereo correspondence calculation, for instance, the
labeling problem to be solved is to assign a disparity to each
pixel in the stereo input pair. The disparities imply correspon-
dences between the stereo images 112, 114. If the maximum
movement of an object from one stereo image to the other is
“Dna” pixels, then disparities of “0, 1,2, ...,D,, ..~ may be
used as the potential labels to solve the stereo matching cor-
respondence calculation.

In hierarchical belief propagation (HBP) as described
above, the labeling problem is solved in a hierarchy. For
example, at level 3 of the hierarchy a node may be defined by
an 8 by 8 block of input resolution pixels, which is treated as
a single low resolution pixel and assigned a single label. At
level 2 of the hierarchy, a node includes a 4 by 4 block of input
pixels that is also assigned a single label.

Atlevel 1 as shown in FIG. 3, each node includes a 2 by 2
block of pixels that is also assigned a single label. At level 0
as also shown in FIG. 3, each pixel can be assigned to a
different label individually as each node includes a single
pixel. Level 0 is an input resolution configured to give a final
answer in this example, i.e., to achieve a final result through
assigning a label to each pixel individually. However, com-
plications may arise in situations in which a parent node
includes a plurality of child nodes that have very different
labels. For example, a large block of input resolution pixels
may include a minority of pixels that is to involve a different
label than the majority. This is illustrated for node 304 that
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includes three pixels having a foreground label and a single
pixel that has a background label, the differences are illus-
trated through use of and absence of hatching.

However, as previously described a single label is assigned
to the node 304. Thus, the belief 312 for that node is to be used
for each of the pixels in that node 304. Therefore, conven-
tional techniques could result in passing of beliefs 312 that
were incorrect, such as for use of belief 312 with pixel “X',,”
which would be incorrect as opposed to use of belief 312 by
pixels “X',,” “X';,” and “X',.” A conventional solution that
was used to solve this problem was to simply run more mes-
sage passing iterations at the next level between nodes at that
level to attempt to overcome the incorrect beliefs passed on
from the previous level. However, this could significantly
slow processing and thus make use in some desired systems
unusable, such as a system that involves user interaction to
smooth disparities, fit models to predict disparities, and other
user interactions with a user interface.

Accordingly, the hierarchical belief propagation module
122 may employ the affinity measurement module 302 to
measure affinity of nodes that are to share beliefs 312. This
measure of affinity may then be used to determine whether to
share beliefs 312 between nodes. For example, in an instance
in which the affinity measure indicates that the two nodes are
likely to have quite different labels, beliefs are not shared for
use in solving for the labeling problem. In this way, efficiency
of'the system 300 may be improved which may therefore be
used to support a variety of different functionality. For
example, a user may interact with a user interface to provide
object category information (e.g., foreground/background in
this figure) and this information may be used to accelerate the
convergence of HBP, thereby supporting an interactive sys-
tem with accurate results.

Continuing with the previous example, the hierarchical
belief propagation module 302 may work in a coarse-to-fine
manner. First, messages may be initialized as the coarsest
level to zero. Belief propagation may then be applied at the
coarsest level to iteratively refine the messages to arrive at the
beliefs. The affinity measurement module 302 may then
determine an affinity measurement between a node of a
coarse level and child nodes at a “finer” level in the hierarchy.
This affinity measurement may then be used to determine
whether the message and beliefs are to be passed to initialize
messages of the respective child nodes at this “finer” level of
resolution. This may be performed by taking into consider-
ation object category information for the nodes, e.g., fore-
ground or background categorization, which in this instance
is used as a basis for the affinity measure. Generally, in a finer
level, if a child node and its parent node in a previous coarser
level belong to the same object category (e.g., both are in
background or foreground), then the child node inherits the
messages from its coarser parent node for initializing mes-
sages in the child nodes at the current level.

If a child node and its parent node are in different catego-
ries, however, inheriting messages from its coarser level is
likely to bring incorrect information to the current level.
Therefore, it is reasonable in this instance not to inherit the
messages 314 from its coarser level but instead initialize the
messages in current level to zeros.

Specifically, “X” may represent a node including a plural-
ity of pixels at a coarser level (having a single label as a
whole), with its corresponding pixels at the finer level repre-
sented as “X',,” and “ie[1,4]” Let “Y", ;> and “je[1,4]” repre-
sent four neighbor nodes of pixel “X'” and “Y,” are the
corresponding four neighbors of pixel “X.” Let “L” be the
label of pixel “X” and “L',” be the label of its corresponding
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pixels at the finer level “X',.” Then the message 314 passed to
“X'” from “Y", ,” and “je[1,4]” may be initialized as:

Myy, ifIj=L

MX‘-’,Y{J :{ o i, jell, 4]

otherwise

The label “L” of a node “X” is determined in the following
way. Let “F”” and “B” be the set of foreground pixels (e.g., at
finest level) and background pixels (e.g., at finest level) in
“X,” respectively. Then the label may be set as follows, e.g.,
where “1” represents foreground and “0” represents back-
ground:

1 if num(F) = num(B)
“lo otherwise

As shown in the figure, node “X” 304 is labeled as fore-
ground as the number of foreground pixels is more than
background pixels as indicated by the cross hatching Step-
ping to the next finer level, pixels “X',.” “X';,” and “X',,” are
also labeled as foreground. Thus an affinity measure calcu-
lated for the child nodes of individual pixels indicates simi-
larity to the parent node and so these nodes will inherit the
message 314 from the parent node “X” 304 for use in solving
a labeling problem for those nodes, e.g., disparity.

However, child node “X',” is labeled as a background, and
therefore an affinity measure for this child node and parent
node “X” indicates that these nodes are not similar within a
pre-defined measure. According, the child node “X';” does
not inherit the message 314 that details beliefs 312 calculated
for the parent node “X”” As a result, the messages will be
hierarchically refined by taking into account an affinity mea-
sure, such as object category information from user’s object
selection, color differences, textures, uniqueness, smooth-
ness, and so on.

The initialization of messages for the child node “X',” may
then be performed in a variety of ways. For example, this
analysis may be repeated for neighbors of a parent node 304
to locate a node that is likely similar, an example of which is
further described in relation to the following figure.

FIG. 4 depicts a system 400 in an example implementation
in which the affinity measurement module 302 is employed to
measure affinity of a child node with other nodes besides a
parent node. As previously described, the parent node 304
“X” may leverage messages from neighboring nodes, e.g.,
nodes 306, 308, in solving a labeling problem for the node
304. The affinity measurement module 302 may be used as
described in relation to FIG. 3 to control whether beliefs 314
are to be shared between parent and child nodes based on a
measure of affinity. A measure of affinity may also be used to
determine whether other beliefs are to be used to solve a
labeling problem for the child node.

Continuing with the previous example of FIG. 3, a deter-
mination was made based on a measure of affinity between a
child node “X';” and a parent node “X” that the solving of a
labeling problem for the child node is not to employ beliefs
arrived at for the parent node. Accordingly, in this example a
determination may be made as to whether beliefs arrived at
for neighboring nodes 306, 308 in a same hierarchical level of
the parent node are likely to assist in solving a labeling prob-
lem of the child node or other node in a different hierarchical
level.
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Node 308, for instance, may be represented as node “Y”
which has a corresponding label indicating a label of a back-
ground for the node and therefore a single label for a back-
ground may be used for the node “Y” 306. The affinity mea-
surement module 302 may then calculate a measure of affinity
as before to determine whether the node “Y,” and child node
“X',” are within a predefined measure of affinity, e.g., a same
category in this example. In this instance, the measure of
affinity is indicative of similarity and thus the child node
“X',” in this instance employs beliefs 314 calculated for node
“Y,” 308 in solving the labeling problem for the child node.

This process may continue for other neighboring nodes of
the parent level in the hierarchy in instances in which the
measure of similarity indicates that the neighboring node
“Y,” 308 and the child node “X',” are not similar. If'a similar
node is not found, values of the child node “X',” may be
initialized to zero such that the solving of the labeling prob-
lem “starts from scratch” without using messages from other
nodes in a different hierarchical level, but may still employ
messages from nodes in a same hierarchical level as described
above. Other examples are also contemplated, such as to
forgo the neighbor analysis and instead initialize the message
values to zero for the child node in instances in which a parent
node is determined to be dissimilar.

Although categorization was described, it should be
readily apparent that a wide variety of other affinity measures
may be employed as defined for a corresponding character-
istic and as such the affinity measure module 302 may be used
to determine whether a label for one node is to be used in
solving a label for another node. In this way, the affinity
measure may be used to constrain solving of the labeling
problem Again, although an example of image processing is
described, other image processing techniques may also lever-
age this functionality, such as for computer vision, segmen-
tation, and so on. Further, these techniques may be leveraged
to solve other labeling problems, such as for sound process-
ing, network management and configuration, financial data
analysis, and so on. Additional discussion of examples of
these techniques may be found in relation to the following
procedures.

Example Procedures

The following discussion describes techniques that may be
implemented utilizing the previously described systems and
devices. Aspects of each of the procedures may be imple-
mented in hardware, firmware, or software, or a combination
thereof. The procedures are shown as a set of blocks that
specify operations performed by one or more devices and are
not necessarily limited to the orders shown for performing the
operations by the respective blocks. In portions of the follow-
ing discussion, reference will be made to FIGS. 1-4.

FIG. 5 depicts a procedure 500 in an example implemen-
tation in which an affinity measure is calculated and used to
determine whether to employ beliefs of a parent node by a
child node to solve a labeling problem. One or more beliefs
are arrived at for a parent node, the one or more beliefs be used
in hierarchical belief propagation to solve a labeling problem
for the parent node for image processing (block 502). For
example, belief propagation may be used to arrive at a label to
be used for a node “X” at a level in a hierarchy by sharing
messages with other nodes at that level in the hierarchy.

An affinity measure is calculated of the parent node in
comparison with a child node of the parent node, the affinity
measure describing how similar the parent node and the child
node are to each other (block 504). The affinity measure, for
instance, may specify membership in a category, based on
color comparison, for a plurality of different defined seg-
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ments, be represented as a numerical value describing a dif-
ference in characteristics in the nodes, and so forth.

Responsive to a determination that the affinity measure
indicates that the parent node and the child node are not
different by at least a defined amount, hierarchical belief
propagation is used to solve a labeling problem for the child
node for image processing that does not employ the one or
more beliefs for the parent node (block 506). For example,
hierarchical belief propagation may be performed such that
beliefs of the parent node may be used by a child node, such
as to perform image processing and other label solving prob-
lems as previously described.

Responsive to a determination that the affinity measure
indicates that the parent node and the child node are different
by at least a defined amount, hierarchical belief propagation is
used to solve a labeling problem for the child node for image
processing that does not employ the one or more beliefs for
the parent node (block 508). For example, hierarchical belief
propagation may be performed such that beliefs for the parent
node are not used by the child node, beliefs of a neighbor of
the parent node are used by the child node based on an affinity
measure, and so on as further described in relation to the
following figure.

FIG. 6 depicts a procedure 600 in an example implemen-
tation in which an affinity measure is calculated and used to
determine whether the employ beliefs of a neighbor of a
parent node by a child node to solve a labeling problem.
Responsive to the determination that the affinity measure
indicates that the parent node and the child node are different
by at least the defined amount, an affinity measure ofthe child
node is calculated in comparison with another node. The
affinity measure describes how similar the child node and the
other node are to each other and the other node is located at a
level in a hierarchy that includes the parent node (block 602).
As shownin FIG. 4, because the child node was determined to
be different that the parent node 304, this calculation may be
performed for a neighbor node 308 of the parent node 304.

Responsive to a determination that the affinity measure
indicates that the other node and the child node are not dif-
ferent by at least the defined amount, hierarchical belief
propagation is used to solve the labeling problem for the child
node for image processing. The labeling problem is solved by
employing one or more beliefs arrived at for the other node
that are to be used in hierarchical belief propagation to solve
a labeling problem for the child node for image processing
(block 604). As before, beliefs calculated for the node 308
may be messaged 122 to the child node based on a determi-
nation that the nodes are likely similar as based on the affinity
measurement.

Responsive to a determination that the affinity measure
indicates that the other node and the child node are different
by at least the defined amount, hierarchical belief propagation
is used to solve a labeling problem for the child node for
image processing that does not employ one or more beliefs
arrived at for the other node that are to be used in hierarchical
belief propagation to solve a labeling problem for the other
node for image processing (block 606). Again, if the nodes are
different as based on an affinity measure, the message 122 is
not passed between the nodes to solve the labeling problem.

Responsive to the determination that the affinity measure
indicates that the other node and the child node are different
by at least the defined amount, hierarchical belief propagation
is used to solve the labeling problem for the child node for
image processing that does not include use of beliefs calcu-
lated for any other node (block 608). As previously described,
the process of looking for similar nodes may be iterative and
if a similar node is not found the child node may “start from
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scratch” without using beliefs calculated from another level
in the hierarchy. Other examples are also contemplated with-
out departing from the spirit and scope thereof.

Example System and Device

FIG. 7 illustrates an example system generally at 700 that
includes an example computing device 702 that is represen-
tative of one or more computing systems and/or devices that
may implement the various techniques described herein. This
is illustrated through inclusion of the image processing mod-
ule 118, which may be configured to process image data, such
as image data captured by an image capture device 104. The
computing device 702 may be, for example, a server of a
service provider, a device associated with a client (e.g., a
client device), an on-chip system, and/or any other suitable
computing device or computing system.

The example computing device 702 as illustrated includes
a processing system 704, one or more computer-readable
media 706, and one or more 1/O interface 708 that are com-
municatively coupled, one to another. Although not shown,
the computing device 702 may further include a system bus or
other data and command transfer system that couples the
various components, one to another. A system bus can include
any one or combination of different bus structures, such as a
memory bus or memory controller, a peripheral bus, a univer-
sal serial bus, and/or a processor or local bus that utilizes any
of a variety of bus architectures. A variety of other examples
are also contemplated, such as control and data lines.

The processing system 704 is representative of functional-
ity to perform one or more operations using hardware.
Accordingly, the processing system 704 is illustrated as
including hardware element 710 that may be configured as
processors, functional blocks, and so forth. This may include
implementation in hardware as an application specific inte-
grated circuit or other logic device formed using one or more
semiconductors. The hardware elements 710 are not limited
by the materials from which they are formed or the processing
mechanisms employed therein. For example, processors may
be comprised of semiconductor(s) and/or transistors (e.g.,
electronic integrated circuits (ICs)). In such a context, pro-
cessor-executable instructions may be electronically-execut-
able instructions.

The computer-readable storage media 706 is illustrated as
including memory/storage 712. The memory/storage 712
represents memory/storage capacity associated with one or
more computer-readable media. The memory/storage com-
ponent 712 may include volatile media (such as random
access memory (RAM)) and/or nonvolatile media (such as
read only memory (ROM), Flash memory, optical disks, mag-
netic disks, and so forth). The memory/storage component
712 may include fixed media (e.g., RAM, ROM, a fixed hard
drive, and so on) as well as removable media (e.g., Flash
memory, a removable hard drive, an optical disc, and so
forth). The computer-readable media 706 may be configured
in a variety of other ways as further described below.

Input/output interface(s) 708 are representative of func-
tionality to allow a user to enter commands and information to
computing device 702, and also allow information to be pre-
sented to the user and/or other components or devices using
various input/output devices. Examples of input devices
include a keyboard, a cursor control device (e.g., a mouse), a
microphone, a scanner, touch functionality (e.g., capacitive or
other sensors that are configured to detect physical touch), a
camera (e.g., which may employ visible or non-visible wave-
lengths such as infrared frequencies to recognize movement
as gestures that do not involve touch), and so forth. Examples
of output devices include a display device (e.g., a monitor or
projector), speakers, a printer, a network card, tactile-re-
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sponse device, and so forth. Thus, the computing device 702
may be configured in a variety of ways as further described
below to support user interaction.

Various techniques may be described herein in the general
context of software, hardware elements, or program modules.
Generally, such modules include routines, programs, objects,
elements, components, data structures, and so forth that per-
form particular tasks or implement particular abstract data
types. The terms “module,” “functionality,” and “component™
as used herein generally represent software, firmware, hard-
ware, or acombination thereof. The features of the techniques
described herein are platform-independent, meaning that the
techniques may be implemented on a variety of commercial
computing platforms having a variety of processors.

An implementation of the described modules and tech-
niques may be stored on or transmitted across some form of
computer-readable media. The computer-readable media
may include a variety of media that may be accessed by the
computing device 702. By way of example, and not limita-
tion, computer-readable media may include “computer-read-
able storage media” and “computer-readable signal media.”

“Computer-readable storage media” may refer to media
and/or devices that enable persistent and/or non-transitory
storage of information in contrast to mere signal transmis-
sion, carrier waves, or signals per se. Thus, computer-read-
able storage media refers to non-signal bearing media. The
computer-readable storage media includes hardware such as
volatile and non-volatile, removable and non-removable
media and/or storage devices implemented in a method or
technology suitable for storage of information such as com-
puter readable instructions, data structures, program mod-
ules, logic elements/circuits, or other data. Examples of com-
puter-readable storage media may include, but are not limited
to, RAM, ROM, EEPROM, flash memory or other memory
technology, CD-ROM, digital versatile disks (DVD) or other
optical storage, hard disks, magnetic cassettes, magnetic tape,
magnetic disk storage or other magnetic storage devices, or
other storage device, tangible media, or article of manufac-
ture suitable to store the desired information and which may
be accessed by a computer.

“Computer-readable signal media” may refer to a signal-
bearing medium that is configured to transmit instructions to
the hardware of the computing device 702, such as via a
network. Signal media typically may embody computer read-
able instructions, data structures, program modules, or other
data in a modulated data signal, such as carrier waves, data
signals, or other transport mechanism. Signal media also
include any information delivery media. The term “modu-
lated data signal” means a signal that has one or more of its
characteristics set or changed in such a manner as to encode
information in the signal. By way of example, and not limi-
tation, communication media include wired media such as a
wired network or direct-wired connection, and wireless
media such as acoustic, RF, infrared, and other wireless
media.

As previously described, hardware elements 710 and com-
puter-readable media 706 are representative of modules, pro-
grammable device logic and/or fixed device logic imple-
mented in a hardware form that may be employed in some
embodiments to implement at least some aspects of the tech-
niques described herein, such as to perform one or more
instructions. Hardware may include components of an inte-
grated circuit or on-chip system, an application-specific inte-
grated circuit (ASIC), a field-programmable gate array
(FPGA), a complex programmable logic device (CPLD), and
other implementations in silicon or other hardware. In this
context, hardware may operate as a processing device that
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performs program tasks defined by instructions and/or logic
embodied by the hardware as well as a hardware utilized to
store instructions for execution, e.g., the computer-readable
storage media described previously.

Combinations of the foregoing may also be employed to
implement various techniques described herein. Accordingly,
software, hardware, or executable modules may be imple-
mented as one or more instructions and/or logic embodied on
some form of computer-readable storage media and/or by one
or more hardware elements 710. The computing device 702
may be configured to implement particular instructions and/
or functions corresponding to the software and/or hardware
modules. Accordingly, implementation of a module that is
executable by the computing device 702 as software may be
achieved at least partially in hardware, e.g., through use of
computer-readable storage media and/or hardware elements
710 of the processing system 704. The instructions and/or
functions may be executable/operable by one or more articles
of manufacture (for example, one or more computing devices
702 and/or processing systems 704) to implement techniques,
modules, and examples described herein.

The techniques described herein may be supported by vari-
ous configurations of the computing device 702 and are not
limited to the specific examples of the techniques described
herein. This functionality may also be implemented all or in
part through use of a distributed system, such as over a
“cloud” 714 via a platform 716 as described below.

The cloud 714 includes and/or is representative of a plat-
form 716 for resources 718. The platform 716 abstracts
underlying functionality of hardware (e.g., servers) and soft-
ware resources of the cloud 714. The resources 718 may
include applications and/or data that can be utilized while
computer processing is executed on servers that are remote
from the computing device 702. Resources 718 can also
include services provided over the Internet and/or through a
subscriber network, such as a cellular or Wi-Fi network.

The platform 716 may abstract resources and functions to
connect the computing device 702 with other computing
devices. The platform 716 may also serve to abstract scaling
of resources to provide a corresponding level of scale to
encountered demand for the resources 718 that are imple-
mented via the platform 716. Accordingly, in an intercon-
nected device embodiment, implementation of functionality
described herein may be distributed throughout the system
700. For example, the functionality may be implemented in
part on the computing device 702 as well as via the platform
716 that abstracts the functionality of the cloud 714.

Conclusion

Although the invention has been described in language
specific to structural features and/or methodological acts, it is
to be understood that the invention defined in the appended
claims is not necessarily limited to the specific features or acts
described. Rather, the specific features and acts are disclosed
as example forms of implementing the claimed invention.

What is claimed is:

1. A method implemented by one or more computing
devices, the method comprising:

arriving at one or more beliefs for a parent node that are to

be used to solve a labeling problem for the parent node
for image processing;

calculating an affinity measure of the parent node in com-

parison with a child node of the parent node, the affinity
measure describing how similar the parent node and the
child node are to each other, the parent node and child
node being in different hierarchical levels; and
responsive to a determination that the affinity measure
indicates that the parent node and the child node are
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different by at least a defined amount, using hierarchical
belief propagation to solve a labeling problem for the
child node for image processing that does not employ the
one or more beliefs for the parent node.

2. A method as described in claim 1, further comprising
responsive to a determination that the affinity measure indi-
cates that the parent node and the child node are not different
by at least the defined amount, using hierarchical belief
propagation to solve the labeling problem for the child node
for image processing that does employ the one or more beliefs
for the parent node.

3. A method as described in claim 1, further comprising
responsive to the determination that the affinity measure indi-
cates that the parent node and the child node are different by
at least the defined amount, calculating an affinity measure of
the child node with another node, the affinity measure
describing how similar the child node and the other node are
to each other and the other node located at a level in a hier-
archy that includes the parent node.

4. A method as described in claim 3, further comprising
responsive to a determination that the affinity measure indi-
cates that the other node and the child node are not different
by at least the defined amount, using hierarchical belief
propagation to solve the labeling problem for the child node
for image processing that employs one or more beliefs arrived
at for the other node that are to be used in hierarchical belief
propagation to solve a labeling problem for the other node for
image processing.

5. A method as described in claim 3, further comprising
responsive to a determination that the affinity measure indi-
cates that the other node and the child node are different by at
least the defined amount, using hierarchical belief propaga-
tion to solve a labeling problem for the child node for image
processing that does not employ one or more beliefs arrived at
for the other node that are to be used in hierarchical belief
propagation to solve a labeling problem for the other node for
image processing.

6. A method as described in claim 5, further comprising
responsive to the determination that the affinity measure indi-
cates that the other node and the child node are different by at
least the defined amount, using hierarchical belief propaga-
tion to solve the labeling problem for the child node for image
processing that does not include use of beliefs calculated for
any node located at a level of a hierarchy that includes the
parent node.

7. A method as described in claim 1, wherein the image
processing is performed to label pixels of the parent node, the
parent node including one or more pixels of the child node.

8. A method as described in claim 1, wherein the image
processing includes calculation of stereo correspondence.

9. One or more non-transitory computer-readable storage
media comprising instructions that are stored thereon that,
responsive to execution by a computing device, causes the
computing device to perform operations comprising:

arriving at one or more beliefs for a node that are to be used

as part of a labeling problem for the node;
calculating an affinity measure of the node in comparison
with at least one or more other nodes in a different
hierarchical level, the affinity measure describing a simi-
larity of the node to the one or more other nodes; and

responsive to a determination that the affinity measure
indicates that the similarity is within a pre-defined
amount, using the one or more beliefs for the node as
part of solving a labeling problem for the one or more
other nodes.

10. One or more non-transitory computer-readable storage
media as described in claim 9, further comprising responsive
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to a determination that the affinity measure indicates that the
similarity is not within the pre-defined amount, solving the
labeling problem for the one or more other nodes without
using the one or more beliefs for the node.

11. One or more non-transitory computer-readable storage
media as described in claim 10, further comprising respon-
sive to the determination that the affinity measure indicates
that the similarity is not within the pre-defined amount, cal-
culating an affinity measure of the one or more other nodes
with at least one other node, the affinity measure describing
similarity of the one or more other nodes with the at least one
other node.

12. One or more non-transitory computer-readable storage
media as described in claim 11, wherein the at least one other
node is a neighbor to the node in a hierarchical level that
include the at least one other node and the node.

13. One or more non-transitory computer-readable storage
media as described in claim 11, further comprising respon-
sive to a determination that the affinity measure indicates that
the similarity is within the pre-defined amount for the one or
more other nodes and the at least one other node, solving the
labeling problem for the one or more other nodes using one or
more beliefs arrived at for the at least one node to solve a
labeling problem for the at least one other node.

14. One or more non-transitory computer-readable storage
media as described in claim 11, further comprising respon-
sive to a determination that the affinity measure indicates that
the similarity is not within the pre-defined amount for the one
or more other nodes and the at least one other node, solving
the labeling problem for the one or more other nodes without
using one or more beliefs arrived at for the at least one node
to solve a labeling problem for the at least one other node.

15. One or more non-transitory computer-readable storage
media as described in claim 11, wherein the node and the one
or more other nodes have a parent/child relationship.

16. One or more non-transitory computer-readable storage
media as described in claim 11, wherein the solving of the
labeling problem is performed using hierarchical belief
propagation.

17. A system comprising:

one or more processors;

one or more computer-readable storage media;

at least one module implemented at least partially in hard-

ware, the at least one module configured to arriving at
one or more beliefs for a parent node that are to be used
in hierarchical belief propagation to solve a labeling
problem for pixels in the parent node; and

one or more modules implemented at least partially in

hardware, the one or more modules configured to:

calculate an affinity measure of the parent node in com-
parison with a child node, the affinity measure
describing how similar the parent node and the child
node are to each other, the parent node and child node
being in different hierarchical levels;

responsive to a determination that the affinity measure
indicates that the similarity is within a pre-defined
amount, using hierarchical belief propagation to solve
the labeling problem for one or more pixels in the
child node using the one or more beliefs that were
arrived at for the parent node; and

responsive to a determination that the affinity measure
indicates that the similarity is not within the pre-
defined amount, using hierarchical belief propagation
to solve the labeling problem for one or more pixels in
the child node without using the one or more beliefs
that were arrived at for the parent node.



US 9,214,026 B2

15

18. A system as described in claim 17, wherein the labeling
problem is used at least in part to determine stereo correspon-
dence.

19. A system as described in claim 17, wherein the affinity
measure is based on similarity of color of the pixels in relation
to each other.

20. A system as described in claim 17, wherein the affinity
measure is based at least in part on whether the pixels are
likely included in a foreground or background of an image,
respectively.
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